Supplementary Material
Detailed Methods for the Provider Module

Formally, the probability (p) that provider i will stop recommending screening for
individuals in age group g at time ¢, given that he or she does recommend screening at time #-/, is
given by

pr? =logit ™ (/9 + P(£"? — ). (S1)

The term S;’g captures a provider’s likelihood of stopping screening based on individual-
level characteristics and past experience with friends, family, and patients (what we term ‘social
learning’ in our model). This term evolves in time according to the equation:

St9, = BY9 +v(S}? — BY9) + B}, (S2)

B%9 is an individual-level baseline propensity of provider i toward patient group g. The
term E,f'g captures a change in propensity due to experiences with friends, family, or patients’
diagnoses with late stage breast cancer without screening at time t33. The parameter v is a
memory parameter that determines how slowly S:'g decays back to the baseline propensity B“J
(i.e., more recent experiences are more likely to be impactful).

The term P( fti’g — q) accounts for peer influence with fti'g defined as the fraction of
provider i’s peers who have stopped screening. In general, we assume that if more than a
fraction ¢ of provider i’s peers have stopped recommending screening, this will increase the
likelihood that provider i will stop screening, but if fewer than a fraction g have stopped

recommending screening, peer effects will make provider i less likely to stop screening. Our

assumptions here are informed by social network research on whether social influence in



different cases operates via a simple contagion or a complex contagion.[1, 2] In a simple
contagion model -- what we call ‘provider exposure’ -- each exposure to a behavior in the
network independently contributes to an individual’s probability of adopting that behavior. To
model provider peer influence as a simple contagion, we set g=0 such that the provider peer
influence term becomes P * fti’g , and is always positive as long as fti’g is positive. In a complex
contagion, the individual is more likely to adopt a behavior once a certain threshold of peers
have adopted. To model provider peer influence as a complex contagion, we set g=0.5. Under
this assumption, providers are more likely to stop screening if half of peers have stopped
recommending screening, and less likely to stop screening if fewer than half of peers have
stopped. We label this type of peer influence ‘provider norms’.

Providers are connected to each other by a random network (e.g., randomly connected to
10 percent of other providers) and each provider has a patient panel of 100 patients; we chose
this panel size for computational tractability. To ensure that providers in the model learned about
cancer diagnoses from patients at similar rates to those we observed in our prior provider survey,
3% we connected each provider to additional patients whose cancer diagnoses they could observe
and be influenced by. We first developed a set of baseline assumptions that did not incorporate
social learning (Eti'g = 0) or peer effects (P =0 in equation 1) and calibrated our model —
adjusted the parameters in the model -- to conform to rates of screening observed in our provider
survey. In our base model, we randomly sampled 10 percent of providers to be “fast de-

implementers”; the remaining 90 percent were “slow de-implementers”.

Estimating P, the provider peer effect

In this section, we describe how we estimated P. If we re-write equation S1 as:



logit(p,*) = (8 + P(f;" — ), (83)
we see that P is the difference in log-odds of the probability of stopping screening between a
provider who has had all of his or her peer stop screening compared to one who has had none of
his or her peers stop screening patients in age group g. In our cross-sectional provider survey, it
is not possible to determine whether associations between respondent and peer behavior are due
to influence or homophily (the tendency of similar individuals to associate with each other).
Therefore, to estimate the peer influence effect, we used the results from our prior study of
provider peer effects magnetic resonance imaging (MRI) and positron emission tomography
(PET) in breast cancer[3]. This was a longitudinal study that used SEER-Medicare data to
observe changes in provider behavior over time. We used the study’s estimates of the likelihood
that a provider had not adopted MRI in the baseline period (2004-2006) would adopt MRI for
breast cancer imaging in the follow-up period (2007-2009) based on the percent of physician
peers who had adopted MRI in the baseline period. These results are shown in Table S1. We
estimated the linear equation:

y; =3Pfi+a+g (S4)

In equation S4, each i is an observation of a set of providers who had not adopted MRI in
the baseline period grouped by the adoption rate in their peer group. These observations are
listed as rows in Table S1. In the term 3Pf; P is the provider peer effect that we are trying to
estimate and the 3 accounts for the fact that P is a log-odds of adopting per year, and there are 3
years between the baseline and follow-up period. The variable f; is the fraction of peers who had
adopted MRI in the baseline period, and is the midpoint listed in the “Baseline peer group use,
proportion” column in Table S1. The dependent variable y; is a log-odds of adopting MRI in the

follow-up period. We estimated equation S3 twice — once using the log-odds upper bound from



Table S1 as the dependent variable y; in the regression and once using the log-odds lower bound
as the dependent variable. The parameter a represents the log odds of adopting over the 3-year

time period in the absence of any peer effects and ¢; is an error term.

Baseline peer OR 95% CI | OR 95% CI | Log-odds Log-odds 95%
Group use, proportion lower bound | upper bound | 95% CI CI
lower bound | upper bound
0 1 (ref) 1 (ref) 0 (ref) 0 (ref)
<=0.02 (midpoint 0.01) 0.63 2.73 -0.46 1.00
0.02-0.05 (midpoint 0.035) 0.85 247 -0.16 0.82
0.05-0.10 (midpoint 0.075) 1.32 3.47 0.28 1.24
>0.10 (excluded from analysis) | 1.39 4.39 0.33 1.48
Regression equation yi=6.25f;- yi =
0.27 11.94£+0.41

Table S1 Odds ratios (OR) in this table are reproduced from the MRI section of Table 3 in (Pollack et. al., 2017).

Estimates from regression equation S3 give us estimates for P of 2.08 to 3.98, which we
rounded to 2 to 4 for our analysis. We recognize and would expect that the different clinical
scenarios—mammographic screening and breast imaging for patients to evaluate patients with
known breast cancer—would likely be linked with different rates of de-adoption. However, in
the absence of other evidence, this scenario was designed to give us a range of plausible values

for physician peer influence.
Calibration of Baseline Assumptions

We first developed a set of baseline assumptions that did not incorporate social learning
(Eti‘g = 0) or peer influence (P = 0 in equation 1). We defined t=0 in our model to be 2009, the
year in which USPSTF revised its breast cancer screening guidelines to recommend less
screening. In our calibrated baseline model, 65% of providers recommend screening to women
ages 75 and older at time t=7. This corresponds to the results of our provider survey, which we
fielded in 2016 in which we found that 67% of providers recommended screening to women in

this age group. We used the parameters we estimated for recommendations to older women to



model provider recommendations to younger women as well. Therefore, 65% of providers in the
base model recommend screening to women ages 40-49 at t=7. In the base model, we randomly
selected 10 percent of providers to stop screening younger and older women at a faster pace than
their colleagues (‘fast de-implementers’); this decision was motivated by our calibration process.
This assumption aligns fairly well with the classic model of diffusion of innovations, in which 16
percent of the population falls into the “innovators” or “early adopters” categories, which are the
first two groups to change their behavior in that model[4]. For fast de-implementers, we set
B“9=1, which corresponded to them having an approximately 70% chance of stopping screening
for younger and older patients each year in the absence of network effects. All other providers
had B“9=-3, which meant that they had a 5% chance of stopping screening younger and older

patients each year in the absence of network effects.

Calibration of the Number of Patient-Provider Connections

In BC-SAM, we use patient panels of 100 women over age 40 to make the model more
computationally tractable than larger patient panels that would be more typically found in
primary care, the average of which is estimated to be around 1,500[5] -2,500 patients[6]. We
note that the exact number is a matter of debate; and estimates at the higher end of the range of
received some criticism[7] while estimates at the lower end of the range are fairly consistent with
back-of-the envelope estimates based the ratio of the population of the United States to the

number of practicing primary care providers.!

! For example, the population of the United States in 2010, estimated to be 309 million, divided by the number of
practicing primary care physicians, estimated to be 209,000. Facts PCW. Stats: Overview. Agency for Healthcare
Research and Quality. Rockville, MD: US Department of Health & Human Services 2012., in the United States in
2010, yields 1479 individuals per primary care physician.



Our patient panels with only 100 women ages 40 and older could lead to the providers in
our model having fewer patients diagnosed with cancer than providers would typically
experience in the real world. To account for this, we allowed providers to be connected to, and
learn about the experiences of, additional patients who they did not treat, and who they did not
give screening recommendations to. We calibrated this number of connections to match the
number of providers who remembered learning about a diagnosis of late stage cancer in an
unscreened patient that we observed in our survey. This calibration accounted for the fact that
providers might forget learning about some late stage cancer diagnoses; we used the memory
parameter of 1 — v, where the estimate for v based on our prior work[9]. As a result of this
calibration process, we connected each provider to 325 patients they do not treat in addition to
the 100 patients they do treat. With this number of additional connections, 11% of providers in
the BC-SAM remembered learning about a late-stage diagnosis made in an unscreened patient
seven years after de-implementation began compared to the 10% of providers who reported

knowing such patients in our CansNET survey.



Calibration of the Patient, Friends and Family Network Effect

The term E ti'g captures a change in propensity due to experiences with friends, family, or
patients’ breast cancer diagnoses at time . We calibrate this term based on our survey results
which found that providers who reported friends, family, or patients diagnosed with late stage
disease without screening were significantly more likely to recommend screening. In our survey,
we did not find that this association varied significantly based on the type of relationship (friend,
family, or patient) so grouped all three together in our model We found that Eti'g = —3 gave us
good agreement with the results from BC-SAM. Using this value, in the model we found that
providers who remembered having a patient, friend, or family member with late stage diagnosis,
not diagnosed through screening were more likely to continue to recommend screening at 7 years
after the start of de-implementation with an odds ratio of 2.3. This value gives us good
agreement with the results from our CanSNET survey, in which we found that learning about a
social network member diagnosed with late stage breast cancer who had not been screened

increased the likelihood of recommending breast cancer screening to both younger (OR 2.14,

95%CI 1.07, 4.26) and older (OR 2.44, 95%CI 1.40, 4.25) patients.
Validation of the Number of Patient-Provider Connections

The calibration described in the previous section found that providers should have about
425 women ages 40 and older in their patient panel in order for providers to recall learning about
late-stage diagnoses of breast cancer made without screening at rates similar to those we found in
our CansNET survey. Approximately 25 percent of the total U.S. population is women ages 40
and older[10], which we can use to calculate an implied average total patient panel size of
425/0.25 = 1,700, which is consistent with the estimated average patient panel range for primary

care providers of 1,500-2,500 that we described above. Therefore, we find that we estimate a



reasonable average patient panel size using from (1) the frequencies with which patients who
have not been screened are diagnosed with late-stage cancer within BC-SAM, (2) rates at which
providers learn about such outcomes, based our provider survey, and (3) differences in provider
recommendations among providers who do and do not recall learning about such an outcome in a

patient and (4) a memory parameter we estimated based on the results of our prior patient survey.

Fast and slow de-implementers

Our models include two groups of physicians: fast- and slow de-implementers. Most
diffusion of innovation models include more heterogeneity with 4 or 5 groups (parsing people
into categories such as innovators, early adopters, early majority, etc.).[11] However, we opted
for the simpler model as adding more groups would have increased the complexity and number
of parameters in the model without improving accuracy as we do not have a way to estimate

these additional parameters from the data we previously collected.

Sensitivity analyses

In sensitivity analyses, we varied key parameters and decisions to show their impact on
our overall model. Our main model makes assumptions on the proportion and rate of fast de-
implementers as well as the de-implementation rate of slow de-implementers that were consistent
with the results of our CansNET survey. We recognize that there is significant uncertainty
around our choices of parameters because CansNET gives us provider recommendations rates at
only a single point in time, and, without good national rates of screening in 2009, we assumed
that all providers recommended screening to older and younger women before 2009. Therefore,
we (1) changed the proportion of providers who we classified as fast and slow de-implementers,

(2) altered the speed at which fast de-implementers give up screening, and (3) varied the baseline



de-implementation rate of slow providers. For each sensitivity analysis, we run the models with
and without incorporating provider peer effects, which we model as peer norms (e.g. where
providers are influenced to copy the behavior of the majority of their peers).

The analyses suggest that increasing the proportion of providers classified as fast de-
implementers reduced breast cancer screening over the 30-year time horizon (Figure S1).
Changing the changing the speed with which fast de-implementers stopped recommending
screening (while keeping the proportion of fast de-implementers fixed) had little impact on the
de-implementation dynamics in the scenarios we consider (Figure S2). In contrast, changing the
baseline de-implementation propensity for slow de-implementers to stop recommending
screening had a substantial effect on our estimates (Figure S3). Each is described in greater

detail below.
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- Figure S1: Impact of the percentage of providers who are fast de-implementers (“fast de-imp”). Curves with a solid
line have no provider peer effects; the dashed line shows a high provider peer effect (P=4). In these scenarios, B*9= 1
for fast de-implementing providers and -3 for slow de-implementing providers. These scenarios include the influence of
patient experiences on provider decision making.



Figure S1 shows how provider peer effects impact provider recommendation rates under
different assumptions about the percentage of providers who are fast de-implementers at
baseline. Across the three panels, we observe that increasing the proportion of fast de-
implementers leads to lower rates of recommendations over time, with steeper initial declines.
The effects are more pronounced in models that do not incorporate provider peer effects (with
the exception of the third panel where the proportion of fast de-implementers is the highest and,
towards the end of the time period where nearly all providers no longer recommend screening).
This is likely due to provider peer effects working to temper de-adoption by reinforcing existing

norms.
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- Figure S2: Impact of the baseline rate B9 at which fast de-implementers stop screening on recommendation rates. In
our “decrease fast de-imp” scenario, fast-de-implementers have a baseline de-implementation propensity of B=0,
which corresponds to a 50% annual probability of stopping screening in the absence of network effects The base fast
de-implementation rate has B=1 for the fast-de-implementers, which is an annual de-implementation rate of 73% in the
absence of network effects, and the “increase fast de-imp” scenario has B=2 for fast de-implementers, which
corresponds to an annual de-implementation rate of 8§8% in the absence of network effects. Curves with a solid line
have no provider peer effects; the dashed line shows a high provider peer effect (P=4). In these scenarios, B*9= -3 for
slow de-implementing providers. These scenarios include the influence of patient experiences on provider decision
making.

Figure S2 shows that the speed with which fast de-implementers stop recommending
screening has little impact on the de-implementation dynamics in the scenarios we consider.
In our base case assumptions, we set our baseline de-implementation propensity for fast de-
implementers to B=1. In sensitivity analysis, we increase this to B=2 or decrease it to B=0.

When B=2, about 88% of fast de-implementers stop recommending screening after one year

in the absence of network effects. When B=0), it takes 3 years for 88% of fast de-



implementers to stop recommending screening in the absence of network effects. Because we
are interested in dynamics over a 30-year time period, and slow de-implementers stop
recommending screening at an annual rate of about 5% in our base case, our overall
dynamics do not change much if it takes 1 year or 3 years for most fast de-implementers to
stop recommending screening. Across all the panels, we note that incorporating provider peer
effects (modeled as peer norms) leads to higher rates of recommending screening, again due

to these norms ability to reinforce existing behavioral patterns.
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- Figure S3: Impact of the baseline rate B9 at which slow de-implementers stop screening on recommendation rates. In
our “decrease slow de-imp” scenario, slow de-implementers have a baseline de-implementation propensity of B=-4,
which corresponds to a 2% annual probability of stopping screening in the absence of network effects. The base slow
de-implementation is B“9=-3 for the slow de-implementers, which is an annual de-implementation rate of 5% in the
absence of network effects, and the “increase slow de-imp” scenario has B*9=-2 for fast de-implementers, which
corresponds to an annual de-implementation rate of 12% in the absence of network effects. Curves with a solid line
have no provider peer effects; the dashed line shows a high provider peer effect (P=4). In these scenarios, B*9= 1 for



fast de-implementing providers. These scenarios include the influence of patient experiences on provider decision
making.

Figure S3 shows that the baseline de-implementation propensity for slow de-implementers
stop recommending screening has a substantial impact on de-implementation dynamics over a
30-year period in BC-SAM. In our base case assumptions, we set our baseline de-
implementation propensity for slow de-implementers to B9 =-3. In sensitivity analysis, we
increase this to B¥9=-2 or decrease it to B*9=-4. When B“9=-2, about 12% of slow de-
implementers stop recommending screening after one year in the absence of network effects.
When B*9 =4, it takes about 7 years for 12% of slow de-implementers to stop recommending
screening in the absence of network effects. As with the prior models, peer effects work to
decrease the speed of de-implementation with the exception of the third model at the end of the

time period when overall rates of recommendations are quite low.
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- Figure S4: Impact of the provider recommendation effect. The solid line shows the baseline provider recommendation
effect, and the dashed line shows the sensitivity analysis in which the provider recommendation effect is doubled.

Figure S4 shows a sensitivity analysis in which we double the size of the provider
recommendation parameter. At baseline, based on our prior analysis, the increase in log-odds
for a patient with a provider recommendation to be screened is 0.89. In the sensitivity
analysis, we increased the impact of the provider recommendation to an increase in log-odds
of 1.78. Compared to baseline, more women ages 50-74 are screened in the sensitivity
analysis and fewer women ages <50 or 74+ are screened. In other words, women’s screening
patterns are more responsive to changes in provider recommendations in the sensitivity
analysis presented here.
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